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Abstract

Objective: Machine learning (ML) will have a large impact on medicine and accessibility is important. This study’s model was used to explore
various concepts including how varying features of a model impacted behavior.

Materials and Methods: This study built an ML model that classified chest X-rays as normal or abnormal by using ResNet50 as a base with
transfer learning. A contrast enhancement mechanism was implemented to improve performance. After training with a dataset of publicly avail-
able chest radiographs, performance metrics were determined with a test set. The ResNet50 base was substituted with deeper architectures
(ResNet101/152) and visualization methods used to help determine patterns of inference.

Results: Performance metrics were an accuracy of 79%, recall 69%, precision 96%, and area under the curve of 0.9023. Accuracy improved to
82% and recall to 74% with contrast enhancement. When visualization methods were applied and the ratio of pixels used for inference meas-
ured, deeper architectures resulted in the model using larger portions of the image for inference as compared to ResNet50.

Discussion: The model performed on par with many existing models despite consumer-grade hardware and smaller datasets. Individual models
vary thus a single model’s explainability may not be generalizable. Therefore, this study varied architecture and studied patterns of inference.
With deeper ResNet architectures, the machine used larger portions of the image to make decisions.

Conclusion: An example using a custom model showed that Al (Artificial Intelligence) can be accessible on consumer-grade hardware, and it
also demonstrated an example of studying themes of ML explainability by varying ResNet architectures.

Lay Summary

Artificial intelligence (Al) will make a big impact on healthcare. This study creates an example Al application that reads chest X-rays to explore a vari-
ety of concepts. First it tried to show that Al work can be accessible to widely available computer hardware and public datasets. Secondly, it
showed some new ways of processing chest X-ray data, by increasing the difference between colors in the picture. Thirdly it also explores ways
we can better understand how Al’s think. This study successfully performed the tasks on a personal computer with datasets from Kaggle (a public
website), although real Al work in medicine will require many other factors in addition to these. It found that the special step did improve the Al a
little bit. The project tried to look at 3 different Als with increasing complexity to look at how complexity affects how Als think. It found that more
complex Als tended to look at larger parts of a chest X-ray to make their final decision when compared to less complex Als.
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Background and significance

Machine learning (ML) is poised to make large impacts in
healthcare, advancing medical care but also fundamentally
changing and improving our existing delivery of care. ML
applications have been developed that perform at or even
exceed human capacity.'* However, there are unique chal-
lenges and considerations that remain unresolved.

Traditionally Al requires significant computational resources,’
which may have led to a digital divide in ML research.* Genera-
tion of large datasets may be linked to research, potentially caus-
ing a compounding effect.” Approaches enhancing accessibility of
Al work could support broader engagement.*®

While other fields have seen enormous changes from Al
ranging from self-driving cars to chatbots and fraud detection,
healthcare has been understandably slower due to confidential-
ity, logistic, and privacy concerns. It is challenging to curate
massive scale, granular databases in healthcare. Much existing
work has been on specific tasks, such as identifying infections
on chest radiographs (CXR).” However, generalized tasks are
significantly more difficult and have often required massive
datasets.? For instance, CheXNet (based on Densenet-121) has
been employed by numerous authors to detect abnormalities on
CXR.%? Other model architectures such as Inception V3,
VGG16, and even ResNet have been employed in the past.'®!!
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Furthermore, while knowledge of the advancement of ML
in the technology industry is widespread, ML is a topic where
many clinicians are less knowledgeable.'*'* Consequently,
many may not be aware that creation of certain ML models
can be accomplished with consumer-level resources. Very few
manuscripts in the medical domain discuss the hardware
required for ML work and of these most used professional
hardware.'™'® This study attempts to perform ML work
with publicly available datasets and consumer grade
hardware.

Additionally, while convolutional neural networks (CNNs)
have been used for radiography ML models, work is still
undergoing as to optimal architectures and pre-processing
steps. Histogram equalization has been explored as a techni-
que for contrast enhancement in chest radiography studies;
however, most of this work has focused on specific condi-
tions, with the vast majority in COVID-19.'”*° However, its
use in a generalized rather than focused task helps researchers
better understand the potential applications of contrast
enhancement.

Finally, a concern in Al is that the processes by which a
machine makes inferences are often unknown. This black
box is unsettling as there may be inherent flaws in perform-
ance or unintended bias. In its guidance for healthcare Al, the
WHO has also called for Al to be explainable.® Recently,
numerous visualization methods have emerged to help
deduce reasoning in ML models.”"**> However, each ML
model is different and conclusions on 1 model do not neces-
sarily translate to others. Indeed, each instance of training,
even in the same model, is inherently stochastic. Thus, much
like individual humans, the way 1 model makes inferences is
not translatable to another. While studies on Al explainabil-
ity have begun to emerge, they have focused on individual
models and not on larger patterns and themes. A systematic
way of studying concepts in inference generation would help
us better understand ML.

While using ML for radiographs has been previously
reported, this study explores various concepts through devel-
opment of an example ML model (CNN to classify CXR as
normal or abnormal). This work’s insights will help future
healthcare researchers in ML studies.

Objective

This study creates an ML model, a CNN trained to classify
CXR as normal/abnormal. Through the development of this
model, it explores various concepts. Firstly, it creates and
trains this model using fully publicly available datasets and
consumer-grade hardware. The intent was not to create the
highest performing model in literature, but rather to demon-
strate the feasibility of doing this without elite-level resour-
ces. Secondly, it explores a mechanism of contrast
enhancement that could be useful in improving the radio-
graph classification performance. Finally, the study explores
the idea of using Al explainability to analyze overarching the-
matic elements of how models make inferences (rather than
individual performance).

Methods
Training data and hardware

As an objective was to utilize widely available hardware, the
entire work, including data pre-processing and training, was
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performed using a consumer-grade personal computer. Some
pre-processing used a central processor unit; however, most
tasks including training utilized a single graphics processing
unit (GPU) (eVGA nVidia 3090).

A second study objective was to demonstrate the ability to
use publicly available, limited datasets to train an operational
ML classification model. As such datasets were obtained
within Kaggle.

As the intent of this work was to demonstrate the ability to
make ML more accessible and to use publicly available data-
sets, limitations of these public datasets had to be accounted
for. Many publicly available datasets were not large enough
or diverse enough to provide robust training to the model.
Therefore, 3 datasets were combined to help improve our
model’s performance. A subset of the NIH (National Insti-
tutes of Health) Chest X-ray Dataset was used with proper
classification.”*** These images were combined with the
publicly available COVID Qu-Ex Dataset>>~>° and Tubercu-
losis (TB) Chest X-Ray Database.® These 2 datasets were
chosen as they were publicly available and contained large
volumes of clinically accurate data. However, given they
focused on specific conditions, it was important to ensure
those diagnoses were not over-represented which would have
led to overfitting. Thus, only a selection of the COVID-19
and TB data was chosen. The specific amount taken was a
process of trial and error through multiple iterations of model
development. A total of 2509 images were used and are avail-
able on GitHub (https://github.com/leestephenz/cxrproject/).

Machine learning model and development

The model was trained and built with Python 3.9.16 and
TensorFlow 2.6.0. The model created used transfer learning.
ResNet50 was chosen as the base model. Additional custom
layers were added to ResNet50 and hyperparameters were
tuned based on this architecture to maximize our test statis-
tics. Some tuning, such as batch sizing and filters in custom
layers, were limited by hardware capabilities. The architec-
ture of this study’s model is seen in Figure 1. Vanishing gra-
dients is a problem that arises when building deep neural
networks which may be required with advanced computing
tasks. ResNet is an architecture designed to solve the vanish-
ing gradient problem through the concept of skip connections
that bypass layers, first described by He et al.>!

The convolutional layers used 32 filters each with other
parameters seen in Figure 1. In these layers, the scaled expo-
nential linear unit (SELU) activation function was chosen, as
it was found to lead to faster convergence in training and bet-
ter performance when compared to other activation functions
trialed. In the fully connected layers, 64 filters were used, and
the traditional rectified linear unit (ReLU) activation function
was chosen. In testing, 2 drop layers in the fully connected
layers helped prevent overfitting and increased the ability for
the model to generalize in the test set. Finally, an output layer
with a sigmoid activation for binary classification determined
whether the CXR was coded as normal or abnormal.

An adaptive moment estimation (Adam) optimizer was
chosen and hyperparameter tuning performed for the decay
steps and rate. A learning rate of 0.001 was used with expo-
nential decay and a batch size of 32 used.

The development of the model was iterative in nature, as is
typical in ML work.>> During the coding process, multiple
errors were encountered which required code debugging
and iterations improved final model performance. While
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Figure 1. Model architecture.

unfeasible to report the entire log of debugging, code
improvements, data cleaning, and hyperparameter tuning
iterations, there were significant milestones in development.
One of the largest milestones was a clinical review of the
datasets. The initial version of the NIH Chest X-ray dataset
resulted in low model performance (~50% accuracy) and
upon manual review by the clinician author, it was discov-
ered the original NIH Chest X-ray dataset was erroneous. A
smaller modified version (available on Kaggle) where images
were read by 5 American Board-certified radiologists was
used.?>** Other milestones included hyperparameter tuning
and model modifications, of which the most significant were
modifications to batch size, epoch cycles, neurons per layer,
total layers, and the addition of drop layers. The nVidia 3090
had 24 GB of memory and thus did have limitations in data
processing. As such different permutations of batch size, neu-
rons per layer, and number of layers were performed to bal-
ance overfitting, model performance, and number of
parameters (too many parameters caused kernel failure due
to overwhelmed memory). Drop layers were added and
reduced overfitting. Too little epoch cycles would result in a
lack of convergence (the model did not have enough cycles to
learn) while too many epoch cycles resulted in overfitting.
Finally in accordance with best practices, a review of exist-
ing appropriate frameworks was performed,’® and the most
appropriate framework chosen for this model** (Table S1).

Data processing, testing, and contrast enhancement
module

The full details of our code, including pre-processing and our
machine learning model are available for re-use or access on
GitHub. Data was split into training and testing; a separate
section of code was written for model testing and test images
were never seen by the model during training. This separation
ensured the model performance was not confounded. The
images presented to evaluate performance were completely
novel. A total of 464 images were used for testing and were a
novel sub-section of the images previously mentioned. It was
composed of images from all 3 sources (NIH Chest X-ray,
COVID Qu-Ex, TB). Based on the pairing of labels with
images, there was no missing data (GitHub).

» Output Layer

Fully Connected Layers
Drop Rate 0.2

In clinical encounters, when an image has subtle abnormal-
ities, human clinicians may use contrast-enhancement techni-
ques (computer tools with digitized CXRs or using light
boxes prior computerization®®) As such, a similar process
was built into our model, using a contrast enhancement mod-
ule during the testing phase. As clinically it is important to
identify abnormalities, it was deemed important to improve
sensitivity (recall), so this contrast module was applied only
to those classified as normal.

For images where the prediction of the machine was
greater than 0.3 but less than 0.49999 (images that came
close to being abnormal), the machine would use histogram
equalization.’® After modification of the images, it would
then put these back through the model and re-run the
predictions.

Explainable Al

This study used the Shapeley Additive exPlanations (SHAP)
method to help interpret the machine’s inferences.>”

As different models and even instances can cause differing
SHAP heatmaps, to help better understand Al in general, this
study attempted to characterize patterns of inference genera-
tion based on characteristics of architecture. The base model
was changed from ResNet50 to ResNet101 and ResNet152
to determine what effects changing depth would have on the
SHAP heatmaps. All other elements stayed the same and the
concept driving the architecture of the base model (ResNet’s
skip blocks) remained the same. Each increasing ResNet
architecture contained the corresponding number of layers
(50, 101, and 152, respectively). Furthermore, increasing
architecture also increased the number of residual blocks
with ResNetS0 starting at 16.°® In summary, each higher
level ResNet added depth and complexity.

To quantify the exact number of pixels used, custom code
was constructed to quantify the number of colored pixels as a
percentage of the total pixels (available on GitHub).

Results

The primary model (custom CNN built on top of ResNet 50)
achieved an accuracy of 0.7866, recall of 0.6873, precision of
0.9615, and an AUC of 0.9023. When the contrast
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Table 1. Test performance on various models.
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Model Accuracy Recall Precision AUC
Custom model (ResNet50 Base) 0.7866 0.6873 0.9615 0.9023
With contrast enhancement 0.8190 0.7423 0.9600 0.9020
Custom model (ResNet101 Base) 0.7845 0.7113 0.9283 0.8823
With contrast enhancement 0.7931 0.7354 0.9185 0.8834
Custom model (ResNet152 Base) 0.7672 0.6667 0.9463 0.8664
With contrast enhancement 0.7672 0.6667 0.9463 0.8724
ResNet50 Base (no additional layers or training) 0.3685 0.0103 0.3750 0.2815
With contrast enhancement 0.3685 0.0103 0.3750 0.2812

enhancement was applied, the accuracy improved to 0.8190
and recall to 0.7423 (Table 1).

Directly comparing this study’s model to ResNet50 alone
(without customized additions) was not possible as ResNet50
was designed to identify multiple different classes of non-
medical images rather than a binary outcome. However, to
approximate ResNet50’s un-modified performance, a single
flatten and fully connected output layer was added. The
model was not trained and simply ran on the test dataset.
Our model performed significantly better than this base
ResNet50 with minimal modifications (Table 1).

To help elucidate the effect of deeper ResNet architectures,
we substituted the ResNet50 base with ResNet101 and
ResNet152. Hyperparameters were tuned for our primary
model, the custom CNN built on ResNet50, and to maintain
consistency, they were not modified for the deeper architec-
tures. Results are seen in Table 1.

SHAP values were run across the images to attempt to find
patterns in machine inference. This study looked at the SHAP
values for our primary model but also how this changed
based on deeper base models (Figure 2). As the ResNet base
model became deeper, more of the image was used to make
an inference.

The percentage of colored pixels, thus the number of pixels
used in inference, increased based on the depth of the ResNet
model. For the first CXR, 6.28% was used by ResNet50,
67.48% by ResNet101, and 87.69% by ResNet152. For the
second CXR, 56.40% was used by ResNet50, 83.57% by
ResNet101, and 96.99% by ResNet152.

Discussion

This study created a model that displayed an ability to prop-
erly classify CXR as normal or abnormal across a wide range
of conditions (Accuracy 79%, Precision: 96%, Recall 69%,
AUC 0.9023; Post-Contrast Adjustment Accuracy 82%,
Precision 96%, Recall 74%, AUC 0.9020). While our
model does not outperform respirologists and radiologists, it
does outperform some clinicians.>” Direct comparisons are
difficult as other models often focus on targeted rather than
general tasks, but this model has a comparable performance
to many works.”'"*" Regardless we primarily use this
model to explore ML concepts rather than focusing on its
performance.

In clinical practice, a technique used by clinicians involves
increasing contrast to visualize subtleties.*> Similarly, this
study used histogram equalization in a post-processing step
whereby borderline CXRs below the threshold underwent
contrast enhancement and were re-fed through the predictive
model.*® Using this human analogous process, performance
increased slightly (Accuracy 82%, Precision 96%, Recall

74%, AUC 0.9020). While described in general imaging
tasks, such methods are not as often reported for general
CXR tasks and warrant future clinical study. While our mod-
ification improved recall by decreasing false negatives, a simi-
lar technique could be applied to precision by decreasing
false positives.

While ML is poised to make a big impact in healthcare, it
may create inequities due to resource disparities.**' Tradi-
tional ML models created by industry have massive data-
sets.**™** In healthcare, this is difficult given multiple
limitations such as privacy, logistics, lack of data science
knowledge, and limited pre-trained models. Furthermore, not
all institutions have capabilities of curating massive scale
datasets, and those that do, do not share publicly. A study
showed that there is a bias in research productivity and data-
sets.” This limitation has traditionally formed a barrier to the
advancement of healthcare ML.

This study used a dataset of 2509 images with consumer
hardware, one GeForce 3090 RTX, to achieve a reasonable
performance on a model that classified CXRs as normal or
abnormal across a variety of generalized abnormalities
(including hernias, pulmonary, and cardiac abnormalities).
To achieve our metrics, we utilized transfer learning com-
bined with our own custom CNN. ResNet50 (public package
on Python) was a general image recognition model trained on
everyday images.>! Our additional steps improved model per-
formance on CXRs. The base performance of the ResNet50
model without further layers or training was significantly
lower than the custom model (Table 1). The transfer learning
of ResNet pre-taught our model general recognition tasks
which lowered overall computational and dataset
requirements.

Recognizing the importance of transparency as highlighted
in multiple frameworks,*? this study provides a case for the
viability of consumer-grade hardware and public datasets in
healthcare ML studies. While the power of consumer-grade
hardware is known within the technology community, few
medical studies have reported specific hardware used.'>™!®

Future work could investigate the role of transfer learning to
help adapt trained models to under-represented populations.
If existing models trained in areas with over-representation in
research are found to have poor generalizability, transfer learn-
ing combined with additional architecture or datasets could
help. This could circumvent limitations of building new models
from scratch with small datasets.

CNNs have traditionally been thought of as black boxes
because the features a machine uses to make inferences are
not readily decipherable by humans.** This uncertainty has
led many to describe inadvertent risks of ML. Gichoya et al
showed that an ML model was able to differentiate patient
race on radiographs. It persevered despite image
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Figure 2. SHAP images for CXR Inference, ResNet50, ResNet101, ResNet152 base model.

manipulation and the researchers could not determine how
the machine made its inferences. ML has great potential for
improving healthcare; however, it is not without risks.
Despite these risks, ML integration in medicine will be inevi-
table. We must find ways to systematically study machine
learning inference.

However, other models did not have similar concerns.*®
This difference illustrates that individual architectures, mod-
els, and even instances behave differently: an over-arching
conclusion cannot be reached regarding ML. Each model’s
training process and each instance of training is stochastic,
thus is not comparable across studies. For instance, one can-
not say that all Als recognize pleural effusions by looking at
blunting of the costovertebral angle, rather only that a spe-
cific model recognizes pleural effusions via angle blunting.
Due to these variations, an approach where we, instead, look
at types of models and patterns of inference may be useful in
helping explain Al

While directly understanding the function of each neuron
or layer is not feasible, there exist indirect methods of observ-
ing a machine’s attention.*” ResNet’s architecture was
designed around the concept of a skip connection, which
tackles vanishing gradients in deep networks.’’ There are
variations of ResNet based on the number of layers it con-
tains. While this study’s primary model was built around and
tuned with ResNet50 (50 layers) as the base for transfer
learning, ResNet50 was substituted with ResNet101 and
ResNet152 to determine what effect deeper ResNet architec-
tures may have on machine inference. ResNet101/152 are
sequentially deeper and more complex, characterized by
increasing number of layers and residual blocks.?" In all cases
the additional custom CNN layers and hyperparameters
remained consistent. SHAP was used to determine which
areas of the image the machine focused on, and how each
area it focused on affected its classification. These images

were compared across the three base architectures. It was
found that, like human clinicians, the machine focused on
lung fields when looking at CXRs to classify them. It gener-
ally looked at areas of high contrast (opacities against the
black background). These findings mimic those of a study
looking at breast density where for correct predictions, the
machine would focus its attention on areas that also seem
intuitive to humans.*®

Such AI explainability methods are important as without
them, it is possible the model is using an aberrant method of
inference. For instance, if certain hospitals had more abnor-
mal CXRs, the model could end up using a hospital image
watermark to predict abnormality. Using SHAP helped us
increase our confidence that the model behaved properly.

While this is important, the use of SHAP has already been
reported.*” What is unique about this study is that we use
SHAP not to explain the behavior of a specific model, but
rather, it studied how varying a specific feature or character-
istic of a model impacts its behavior. An analogy could be
drawn to the neurosciences, where functional magnetic reso-
nance (fMRI) may be used to study the cortical activation of
various tasks.’” Rather than looking at the fMRI of a single
brain, one could look at the effect a temporal lobe has on
cognition in general.

This study found that the deeper the ResNet-base architec-
ture, the wider focus the machine employed. All the models
were supplied with the entire image. In the ResNet50 images,
the machine would focus on specific quadrants. However,
with ResNet101/152 the machine showed attention to multi-
ple quadrants or even the entire CXR (evidenced by increas-
ing ratio of colored to non-colored pixels). Of note a
comparison of ResNet50/101/152 performance is not possi-
ble as hyperparameters were tuned for ResNet50 and equal
tuning could have resulted in benefits.



This use is novel and important as each model and even
each instance of a model can vary due to different instantia-
tions. Al explainability conclusions from a single model can-
not be extrapolated to a wider understanding of ML.
However, by studying thematic elements, such as varying
depths of ResNet on behaviour, researchers may achieve bet-
ter understanding of ML in general. Indeed, experts have
advocated for a hierarchy of understanding Al, from trans-
parency to explainability.®" This study’s approach to study-
ing thematic elements of architecture could be a different
paradigm for studying ML behavior and help us achieve a
higher level of understanding how ML functions. This would
be in an analogous fashion to understanding general psycho-
logical principles or behavioral patterns as compared to
understanding the cognition or decisions of a single
individual.

Understanding ML is key to ensuring we build models that
do not have aberrant inference processes; thus, the greatest
benefit of thematic work is a new way to study inference.
However, this work also has concrete benefits. Traditionally
Al explainability methods have been applied after model
completion. However, if general rules apply to various archi-
tectures, researchers can make choices even before model
construction; for instance, choosing a deeper ResNet archi-
tecture if one desires larger parts of an image to be used in
inference. This could reduce resources and time required for
model development. Furthermore, it also establishes a foun-
dational methodology for broader exploratory research in
Al Future work could analyze other themes in ML work. An
example could be the differences in inferencing behavior
between DenseNet®” and ResNet®! architectures or the effect
of the residual block itself. This could lead to the develop-
ment of methods for forward-looking prediction of behavior.

A series of limitations exists with this study. ML models
differ from each other. Performance and inference change
based on the set of training data that models are exposed to,
hyperparameter settings, or even per instance of training (ini-
tialization of model weights and biases are random). Thus,
findings cannot be extrapolated literally, and performance
may not be consistent with other datasets. Specifically, it is
noted that the process of model development and training is
inherently stochastic, the reported version is one of the higher
performing iterations, but it is possible that performance esti-
mates are optimistic and not generalizable. While the intent
was to demonstrate accessibility of Al using consumer grade
hardware and public datasets, true democratization requires
internet access and advanced data science skillsets. In health-
care it also requires considerations of patient privacy and
dealing with the challenges of nuanced tasks. However, this
study demonstrates that consumer grade hardware and lack
of access to massive scale data does not inherently form an
absolute barrier.

A particular limitation was the nature of publicly curated
datasets. While such datasets have led to significant progress
in ML, often they do not have detailed methodological
descriptions in the curation process. It is vital that models
deployed in clinical settings be tested rigorously with multiple
datasets. While it may not be possible to train models in the
development phase with such data, testing could occur with
highly validated privately curated datasets from hospital
authorities. Furthermore, this limitation underscores the need
for high quality data to progress healthcare ML.
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The intention of this study is less model performance,
rather the use of the model to explore concepts, such as the
ML work accessibility, contrast enhancement, and finally an
example of studying themes in Al explainability rather than
individual models. It is limited in that it is based off one
model and future detailed work could be performed on each
concept independently.

Conclusion

Using a novel CXR classification model, this study demon-
strated the possibility of performing medical studies on
consumer-grade hardware using public datasets, employed
contrast enhancement, and demonstrated using Al explain-
ability methods in a novel fashion, by looking at thematic ele-
ments of models (varying ResNet depths) rather than an
individual model’s behavior. By doing so, it determined that
increasing ResNet depths used increased inference area. This
technique could be used to help researchers better understand
ML behavior. This work explored concepts that could be
studied in future studies with different models and tasks.

Author contributions

Stephen B. Lee conceived of the project, created the ML
model, trained and tested the model, gathered data, analyzed
the data, wrote, and edited the manuscript.

Supplementary material
Supplementary material is available at JAMIA Open online.

Funding

This work was supported by University of Saskatchewan,
“CoMRAD Grant (425555).”

Conflicts of interest

The author has no competing interests to declare.

Data availability
Data is available and free to use through GitHub and Kaggle.

Ethics

No ethics review or approval was deemed necessary for this
study.

References

1. Esteva A, Kuprel B, Novoa RA, et al. Dermatologist-level classifi-
cation of skin cancer with deep neural networks. Nature.
2017;542(7639):115-118.

2. Brown JM, Campbell JP, Beers A, et al.; May Imaging and Infor-
matics in Retinopathy of Prematurity (i-ROP) Research Consor-
tium. Automated diagnosis of plus disease in retinopathy of
prematurity using deep convolutional neural networks. JAMA
Opbhthalmol. 2018;136(7):803-810.

3. Moor M, Banerjee O, Abad ZSH, et al. Foundation models for
generalist medical artificial intelligence. Nature. 2023;616
(7956):259-265.


https://academic.oup.com/jamiaopen/article-lookup/doi/10.1093/jamiaopen/ooae035#supplementary-data

JAMIA Open, 2024, Vol. 7, No. 2

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Ahmed N, Wahed M. 2020. The de-democratization of Al: deep
learning and the compute divide in artificial intelligence research.
Arxiv: 15581, preprint: not peer reviewed.

Celi LA, Cellini J, Charpignon M-L, et al., for MIT Critical Data.
Sources of bias in artificial intelligence that perpetuate healthcare
disparities—a global review. PLOS Digit Health. 2022;1(3):
€0000022.

WHO Team Health Ethics and Governance. Ethics and Gover-
nance of Artificial Intelligence for Health: WHO Guidance. World
Health Organization; 2021.

Ahamed MKU, Islam MM, Uddin MA, et al. DTLCx: an improved
ResNet architecture to classify normal and conventional pneumo-
nia cases from COVID-19 instances with Grad-CAM-based super-
imposed visualization utilizing chest X-ray images. Diagnostics
(Basel). 2023;13(3):551.

. Al-Waisy AS, Al-Fahdawi S, Mohammed MA, et al. COVID-

CheXNet: hybrid deep learning framework for identifying
COVID-19 virus in chest X-rays images. Soft Comput. 2023;27
(5):2657-2672.

Devnath L, Fan Z, Luo S, et al. Detection and visualization of
pneumoconiosis using an ensemble of multi-dimensional deep fea-
tures learned from chest X-rays. Int | Environ Res Public Health.
2022;19(18):11193.

Srinivas K, Gagana Sri R, Pravallika K, et al. COVID-19 prediction
based on hybrid inception V3 with VGG16 using chest X-ray
images. Multimed Tools Appl. 2024;83:36665-36682.

Showkat S, Qureshi S. Efficacy of transfer learning-based ResNet mod-
els in chest X-ray image classification for detecting COVID-19 pneu-
monia. Chemometr Intell Lab Syst. 2022;224:104534.

Jha N, Shankar PR, Al-Betar MA, et al. Undergraduate medical
students’ and interns’ knolwedge and perception of artificial intel-
ligence in medicine. Adv Med Educ Pract. 2022;13:927-937.
Busch F, Hoffmann L, Truhn D, et al. 2023. Medical students’ per-
ceptions towards artificial intelligence in education and practice: a
multinational, multicenter cross-sectional study. medRxiv, pre-
print: not peer reviewed. https:/doi.org/10.1101/2023.12.09.
23299744

Civaner MM, Uncu Y, Bulut F, et al. Artificial intelligence in medi-
cal education: a cross-sectional needs assessment. BMC Med Ed.
2022;22(772):1-9.

Abideen ZU, Ghafoor M, Munir K, et al. Uncertainty assisted
robust tuberculosis identification with Bayesian convolutional
neural networks. IEEE Access. 2020;8:22812.

Liu M, Zhuo Y, Liu J, et al. Real-time estimation of lung deforma-
tion from body surface using a general CoordConv CNN. Comput
Methods Programs Biomed. 2024;244:107998.

Maier J, Eulig E, Voth T, et al. Real-time scatter estimation for
medical CT using the deep scatter estimation: method and robust-
ness analysis with respect to different anatomies, dose levels, tube
voltages, and data truncation. Med Phys. 2019;46(1):238-249.
Tang Y-X, Tang Y-B, Peng Y, et al. Automated abnormality classi-
fication of chest radiographs using deep convolutional neural net-
works. NPJ Digit Med. 2020;3:70.

George GS, Mishra PR, Sinha P, Prusty MR. COVID-19 detection
on chest X-ray images using homomorphic transformation and
VGG inspired deep convolutional neural network. Biocybern
Biomed Eng. 2023;43(1):1-16.

Qiu S, Ma J, Ma Z, et al. IRCM-caps: an X-ray image detection
method for COVID-19. Clin Respir J. 2023;17(5):364-373.

Igbal S, Qureshi AN, Alhussein M, Aurangzeb K, Anwar MS. AD-
CAM: enhancing interpretability of convolutional neural networks
with a lightweight framework—from black box to glass box.
IEEE ] Biomed Health Inform. 2024;28(1):514-525.

Aldughayfiq B, Ashfaq F, Jhanjhi NZ, et al. Explainable Al for reti-
noblastoma diagnosis: interpreting deep learning models with
LIME and SHAP. Diagnostics (Basel). 2023;13(11):1932.

Wang X, Peng Y, Lu L, Lu Z, Bagheri M, Summers RM. Hospital-
scale chest X-ray database and benchmarks on weakly-supervised
classification and localization of common thorax diseases. IEEE

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

CVPR. 2017:3462-3471. Accessed April 20, 2024. https://ieeex-
plore.ieee.org/document/8099852

Nabulsi Z, Sellergren A, Jamshy S, et al. Deep learning for distinguishing
normal versus abnormal chest radiographs and generalization to two
unseen diseases tuberculosis and COVID-19. Sci Rep. 2021;11(1):1-15.
https://doi.org/10.1038/s41598-021-93967-2

Tahir AM, Chowdhury MEH, Khandakar A, et al. COVID-19
infection localization and severity grading from chest X-ray
images. Comput Biol Med. 2021;139:105002. https://doi.org/10.
1016/j.compbiomed.2021.105002

Tahir AM, Chowdhury MEH, Qiblawey Y, et al. 2021. COVID-
QU-Ex. Kaggle. https://doi.org/10.34740/kaggle/dsv/3122898
Rahman T, Khandakar A, Qiblawey Y, et al. Exploring the effect
of image enhancement techniques on COVID-19 detection using
chest X-rays images. Comput Biol Med. 2021;132:104319.
https://doi.org/10.1016/j.compbiomed.2021.104319

Degerli A, Ahishali M, Yamac M, et al. COVID-19 infection map
generation and detection from chest X-ray images. Health Inf Sci
Syst. 2021;9(1):15. https://doi.org/10.1007/s13755-021-00146-8
Chowdhury MEH, Rahman T, Khandakar A, et al. Can Al help in
screening viral and COVID-19 pneumonia? I[EEE Access.
20205;8:132665-132676.  https://doi.org/10.1109/ACCESS.2020.
3010287

Rahman T, Khandakar A, Kadir MA, et al. Reliable tuberculosis
detection using chest X-ray with deep learning, segmentation and
visualization. IEEE Access. 2020;8:191586-191601. https://doi.
org/10.1109/ACCESS.2020.3031384

Kaiming H, Zhang X, Ren S, Sun J. 2015. Deep residual learning
for image recognition. arXiv, preprint: not peer reviewed.
Accessed January 2, 2024. https://arxiv.org/abs/1512.03385

Xin D, Ma L, Song S, Parameswaran A. 2018. How developers
iterate on machine learning workflows. arXiv: 1803.10311v2, pre-
print: not peer reviewed. Accessed April 20, 2024. https://arxiv.
org/pdf/1803.10311.pdf

Crossnohere NL, Elsaid M, Paskett J, et al. Guidelines for artificial
intelligence in medicine: literature review and content analysis of
frameworks. | Med Internet Res. 2022;24(8):e36823.

Vollmer S, Mateen BA, Bohner G, et al. Machine learning and arti-
ficial intelligence research for patient benefit: 20 critical questions
on transparency, replicability, ethics, and effectiveness. BMJ.
2020;368:16927.

Abildgaard A, Notthellen JA. Increasing contrast when viewing
radiographic images. Radiology. 1992;185(2):475-478.

Doken I, Gokdemir M, Al-Shaibani WT, Shayea I. Histogram
equalization of the image. IEEE. 2021. Accessed January 2, 2024.
https://arxiv.org/abs/2108.12818

Lundberg SM, Lee SI. A unified approach to interpreting model
predictions. In: 31st Conference on Neural Information Processing
Systems (NIPS). NeurIPS Proceedings; 2017:1-10.

Yeh L-R, Zhang Y, Chen J-H, et al. A deep learning-based method for
the diagnosis of vertebral fractures on spine MRI: retrospective training
and validation of ResNet. Eur Spine J. 2022;31(8):2022-2030.

Satia I, Bashagha S, Bibi A, et al. Assessing the accuracy and cer-
tainty in interpreting chest X-rays in the medical division. Clin
Med (Lond).2013;13(4):349-352.

Plesner LL, Muller FC, Brejnebol MW, et al. Commercially avail-
able chest radiograph Al tools for detecting airspace disease, pneu-
mothorax, and pleural effusion. Radiology. 2023;308(3):231236.
Chuvpilo G. AI Research Rankings 2019: Insights from NeurIPS
and ICML, Leading AI Conferences. 2019. Medium. Accessed
April 20, 2024. https://chuvpilo.medium.com/ai-research-rank-
ings-2019-insights-from-neurips-and-icml-leading-ai-conferences-
ee6953152cla

Fauw JD, Ledsam JR, Romera-Paredes B, et al. Clinically applica-
ble deep learning for diagnosis and referral in retinal disease.
Nature Med. 2018;24(9):1342-1350.

Gichoya JW, Banerjee I, Bhimireddy AR, et al. Al recognition of
patient race in medical imaging: a modelling study. Lancet Digit
Health.2022;4(6):e406-¢414.


https://doi.org/10.1101/2023.12.09.23299744
https://doi.org/10.1101/2023.12.09.23299744
https://ieeexplore.ieee.org/document/8099852
https://ieeexplore.ieee.org/document/8099852
https://doi.org/10.1038/s41598-021-93967-2
https://doi.org/10.1016/j.compbiomed.2021.105002
https://doi.org/10.1016/j.compbiomed.2021.105002
https://doi.org/10.34740/kaggle/dsv/3122898
https://doi.org/10.1016/j.compbiomed.2021.104319
https://doi.org/10.1007/s13755-021-00146-8
https://doi.org/10.1109/ACCESS.2020.3010287
https://doi.org/10.1109/ACCESS.2020.3010287
https://doi.org/10.1109/ACCESS.2020.3031384
https://doi.org/10.1109/ACCESS.2020.3031384
https://arxiv.org/abs/1512.03385
https://arxiv.org/pdf/1803.10311.pdf
https://arxiv.org/pdf/1803.10311.pdf
https://arxiv.org/abs/2108.12818
https://chuvpilo.medium.com/ai-research-rankings-2019-insights-from-neurips-and-icml-leading-ai-conferences-ee6953152c1a
https://chuvpilo.medium.com/ai-research-rankings-2019-insights-from-neurips-and-icml-leading-ai-conferences-ee6953152c1a
https://chuvpilo.medium.com/ai-research-rankings-2019-insights-from-neurips-and-icml-leading-ai-conferences-ee6953152c1a

44,

45.

46.

47.

Yan K, Wang X, Lu L, et al. DeepLesion: automated mining
of large-scale lesion annotations and universal lesion detection
with deep learning. | Med Imaging (Bellingham). 2018;5(3):
036501.

Salahuddin Z, Woodruff HC, Chatterjee A, et al. Transparency of
deep neural networks for medical image analysis: a review of inter-
pretability methods. Comput Biol Med. 2021;140:105111.
Jabbour S, Fouhey D, Kazerooni E, Sjoding MW, Wiens J. Deep
learning applied to chest X-rays: exploiting and preventing short-
cuts. PMLR. 2020;126:750-782.

Chaddad A, Peng J, Xu ], et al. Survey of explainable Al techniques
in healthcare. Sensors (Basel). 2023;23(2):634.

48.

49.

50.

51.

JAMIA Open, 2024, Vol. 7, No. 2

van der Velden BHM, Janse MHA, Ragusi MAA, et al. Volumetric
breast density estimation on MRI using explainable deep learning
regression. Sci Rep. 2020;10(1):1809S.

Walston SL, Matsumoto T, Miki Y, et al. Artificial intelligence-
based model for COVID-19 prognosis incorporating chest radio-
graphs and clinical data; a retrospective model development and
validation study. Br ] Radiol. 2022;95(1140):20220058.

Mather M, Cacioppo JT, Kanwisher N, et al. How fMRI can inform
cognitive theories. Perspect Psychol Sci. 2013;8(1):108-113.
Roscher R, Bohn B, Duarte MF, et al. Explainable machine
learning for scientific insights and discoveries. IEEE Access.
2020;8:42200-42216.

© The Author(s) 2024. Published by Oxford University Press on behalf of the American Medical Informatics Association.

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits
unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

JAMIA Open, 2024, 7, 1-8
https://doi.org/10.1093/jamiaopen/ooae035
Research and Applications



	Active Content List
	Background and significance
	Objective
	Methods
	Results
	Discussion
	Conclusion
	Author contributions
	Supplementary material
	Funding
	Conflicts of interest
	Data availability
	Ethics
	References


